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ORIGINAL ARTICLE
Introduction: Lung nodules are commonly encountered in clinical 
practice, yet little is known about their management in community 
settings. An automated method for identifying patients with lung 
nodules would greatly facilitate research in this area.
Methods: Using members of a large, community-based health plan 
from 2006 to 2010, we developed a method to identify patients with 
lung nodules, by combining five diagnostic codes, four procedural 
codes, and a natural language processing algorithm that performed 
free text searches of radiology transcripts. An experienced pulmo-
nologist reviewed a random sample of 116 radiology transcripts, 
providing a reference standard for the natural language processing 
algorithm.
Results: With the use of an automated method, we identified 7112 
unique members as having one or more incident lung nodules. The 
mean age of the patients was 65 years (standard deviation 14 years). 
There were slightly more women (54%) than men, and Hispanics 
and non-whites comprised 45% of the lung nodule cohort. Thirty-
six percent were never smokers whereas 11% were current smokers. 
Fourteen percent of the patients were subsequently diagnosed with 
lung cancer. The sensitivity and specificity of the natural language 
processing algorithm for identifying the presence of lung nodules 
were 96% and 86%, respectively, compared with clinician review. 
Among the true positive transcripts in the validation sample, only 
35% were solitary and unaccompanied by one or more associated 
findings, and 56% measured 8 to 30 mm in diameter.
Conclusions: A combination of diagnostic codes, procedural codes, 
and a natural language processing algorithm for free text searching of 
radiology reports can accurately and efficiently identify patients with 
incident lung nodules, many of whom are subsequently diagnosed 
with lung cancer.
Key Words: lung nodules, pulmonary coin lesion, lung cancer, 
natural language processing (NLP), validation study
 (J Thorac Oncol. 2012;7: 1257–1262)
Pulmonary nodules are commonly encountered in clinical practice, but their management in community settings 
has not been well studied. Alternatives for the clinical man-
agement of patients with screening-detected or incidentally 
identified lung nodules include imaging tests, nonsurgical 
biopsy, surgical resection, and computed tomography (CT) 
surveillance, each with its own potential benefits and harm.1–3 
The relative safety, effectiveness, and efficiency of these dif-
ferent approaches have not been determined. Current guide-
lines reflect expert consensus, based largely on uncontrolled 
studies of diagnostic accuracy or the risk of procedure-related 
complications. Furthermore, although the “solitary pulmo-
nary nodule” (SPN) was once the most common presentation, 
nodules detected in the CT era are often small, multiple, and 
accompanied by other findings.4 The frequency of different 
clinical presentations in the CT era and the potential implica-
tions for clinical management have not been described.
Research to date has been limited, in part, by the difficulty 
of identifying patients with pulmonary nodules in the general 
population. In theory, the use of diagnostic codes might be an 
efficient means to identify such patients. However, pulmonary 
nodules are captured under several different International 
Classification of Diseases-Ninth Revision (ICD-9) codes, 
each of which is also used to code other conditions of the lung. 
Virtually all lung nodules are either discovered or confirmed 
by chest CT, the use of which can be ascertained by Current 
Procedural Terminology (CPT) codes, but even the combined 
use of ICD-9 and CPT codes results in an impractically large 
number of patient records to review through chart abstraction, 
many of which will not include any reference to lung nodules.
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During the past decade, automatic text processing has 
been used successfully to extract data from electronic radiol-
ogy and other reports for a variety of purposes. For instance, 
natural language processing (NLP) tools have been applied 
in health research for prescreening in clinical trials,5 case 
identification,6 adverse-event detection,7 and chart-review 
facilitation.8
Therefore, we sought to develop a method to identify 
patients with incident lung nodules using electronic admin-
istrative records and automatic text processing of diagnostic 
radiology reports within a large, integrated health system. 
The successful development of a validated, automated method 
would remove a significant obstacle to this area of research, 
thereby facilitating future studies of comparative effective-
ness. To illustrate the usefulness of the method, we provide 
descriptive information about the large cohort of patients with 
pulmonary nodules identified in this study.
METHODS
We used a multistep process to identify patients with 
lung nodules. Briefly, this entailed identification of health-
plan members who underwent chest CT within 30 days of 
receiving a diagnosis (ICD-9) code that indicated the possible 
presence of one or more lung nodules, development of an 
NLP algorithm to scan the relevant radiology transcripts and 
classify them regarding the presence or absence of nodules, 
refinement of the NLP algorithm based on preliminary valida-
tion work, validation of the final NLP algorithm against clini-
cian review of dictated transcripts, and application of the final 
NLP program to identify and then describe (all) patients with 
incident lung nodules diagnosed in 2006–2010.
Setting
Kaiser Permanente Southern California (KPSC) is an 
integrated health care system that currently serves more than 
3.4 million members. KPSC members are racially, ethnically, 
and socioeconomically diverse, and reside in urban, subur-
ban, and rural communities from Bakersfield to San Diego. 
Implementation of the KPSC electronic health record was 
largely complete by 2006. Diagnostic and procedural codes, 
radiology transcripts, and information about patient demo-
graphic and behavioral characteristics—key variables of inter-
est for the current study—are available electronically in these 
records.
Study Population
Individuals who were KPSC members at any point dur-
ing the period from 2006 to 2010 were considered for inclu-
sion in this study. We assembled five nonmutually exclusive 
subcohorts of members with possible lung nodules during 
this period by using five ICD-9 codes identified a priori by 
clinical experience and judgment: 793.1 (nonspecific [abnor-
mal] findings on radiological and other examinations of lung 
field), 786.6 (swelling, mass or lump in chest), 518.89 (other 
diseases of lung not classified elsewhere), 519.8 (other dis-
eases of respiratory system not classified elsewhere), and 
519.9 (unspecified disease of the respiratory system).9 A cor-
responding CPT code for a CT scan within 30 days of the 
diagnosis (ICD-9) date was required for inclusion in a given 
subcohort. We identified relevant CT scans by using the fol-
lowing four CPT codes: 71250 (CT thorax without contrast), 
71260 (CT thorax with contrast), 71270 (CT thorax without 
and with contrast), and 71275 (CT angiography chest). The 
earlier of the ICD-9 or CT scan dates was used as the refer-
ence date for exclusions unless otherwise specified. Within 
each ICD-9 group, we used the first relevant diagnostic code 
between 2006 and 2010 to identify CT transcripts for scanning 
by the NLP algorithm.
We excluded individuals with a (possible) lung nodule 
diagnosis before January 1, 2006, the start of our study period. 
These exclusions were made within each ICD-9 group inde-
pendently of the other groups to allow each candidate ICD-9 
code to be evaluated separately. We also excluded individuals 
with a diagnosis of lung cancer (ICD-9 codes 162.2, 162.3, 
162.4, 162.5, 162.8, or 162.9) on or before the dates of the 
relevant diagnosis or CT scan (Fig. 1).
Development and Validation of the NLP 
Algorithm
We extracted radiology transcripts for CT scans per-
formed 30 days before or after the reference date. The NLP 
rules were developed via an iterative process. First, prelimi-
nary NLP rules were developed in consultation with a pul-
monologist (M.K.G.). Essentially, the algorithm searched 
for positive key words, such as “nodule,” “mass,” “opacity,” 
“SPN,” and “GGO,” in the presence of explicit dimensions 
of  30 mm or less or similar qualitative information. These 
sentences were considered to be positive as long as they did 
not include a reference to a non-lung site (e.g., “lymph,” 
“hepatic,” “kidney”) that was considered to be a negative key 
word in the NLP algorithm. If a sentence contained a negative 
key word, the sentence was still considered to be positive if 
the sentence also included terms indicating a possible lung 
FIGURE 1.  Identification of a cohort of 7112 Kaiser 
Permanente Southern California patients with incident lung 
nodules during 2006–2010, using an automated process 
based on diagnosis codes, procedural codes, and natural 
language processing of radiology transcripts. 
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nodule (e.g., “lung,” “thorax,” “pulmonary”). At the transcript 
level, a positive sentence resulted in the transcript being con-
sidered a positive NLP result unless any other sentence within 
the transcript referred to a pulmonary lesion that measured 
larger than 30 mm in widest diameter, indicating a lung mass. 
The transcripts were extracted retrospectively, thus no attempt 
was made to standardize the reading or notating of the CT 
scans. Instead, we designed our algorithm to capture a wide 
range of commonly used terms that indicate the presence of 
a lung nodule, as noted by the radiologist based on his or her 
judgment.
We compared the performance of the initial NLP 
algorithm against a clinician review of transcripts from 50 
randomly selected patients in the ICD-9 793.1 and 786.6 
subcohorts (selected for preliminary testing because a priori 
they were considered the best candidates in whom lung nodules 
could be identified). The initial algorithm had a sensitivity of 
93% and a specificity of 74% for lung nodule identification 
compared with the clinician review. Minor adjustments were 
then made to the algorithm to further improve its performance. 
For instance, the algorithm was revised to allow the use of 
explicit dimensions in the sentence immediately after a 
positive key word instead of requiring the dimensions to occur 
within the same sentence.
The revised NLP algorithm (Fig. 2) was then evaluated 
against clinician review of a new, stratified random sample of 
116 patients, with stratification on ICD-9 group and calendar 
year. Up to five cases per year per ICD-9 group were eligible 
(maximum sample size of 125) and were randomly selected 
using equal probability weighting and sampling without 
replacement. However, some strata contained fewer than five 
individuals and thus only 116 patients were included in the 
validation sample; in particular, ICD-9 codes 519.8 and 519.9 
were infrequently used in our setting. A positive transcript 
was defined as one that noted one or more nodules (but <10), 
with none measuring more than 30 mm in diameter, and with 
or without associated pneumonia, atelectasis, mediastinal 
lymph node enlargement, pleural effusion, or pleural thicken-
ing. Performance of the NLP algorithm was determined for 
each ICD-9 code separately to assess whether it varied by the 
ICD-9 code. On the basis of the NLP performance character-
istics and frequency of nodules in each ICD-9 subcohort, a 
final method to identify incident lung nodules was selected 
and applied to the KPSC study population to assemble and 
describe a community-based cohort of patients with incident 
lung nodules.
RESULTS
From 2006 to 2010, a total of 12,389 individuals had 
13,091 radiology reports from CT scans performed within 30 
days of the diagnostic codes of interest (Fig. 1). Approximately 
10% of individuals appeared in more than one ICD-9 category. 
Most individuals came from ICD-9 groups 793.1 (n = 4204 
individuals), 786.6 (n = 3488 individuals), or 518.89 (n = 5922 
individuals). Relatively few individuals came from ICD-9 
groups 519.8 (n = 42 individuals) or 519.9 (n = 31 individuals).
The frequency of a positive radiology transcript varied 
by ICD-9 code from 26% for ICD-9 code 519.9 to 80% for 
code 518.89 (Table 1), as determined by clinician review of 
a random sample of up to 25 radiology transcripts in each 
ICD-9 subcohort. Thus, ICD-9 code 518.89, despite being 
used to code “other diseases of lung not elsewhere classified,” 
was both the largest group and had the highest percentage 
of transcripts indicating the presence of a lung nodule. 
Application of the final iteration of the NLP algorithm to 
all radiology transcripts from each of the ICD-9 subcohorts 
yielded a positive lung nodule result in a total of 7112 unique 
patients (Fig. 1).
Validation of the Final NLP Algorithm
Compared with clinician review, the sensitivity of the 
NLP algorithm ranged from 93% to 100% across the five 
ICD-9 codes (Table 1). Specificity ranged from 79% to 100%, 
and the positive predictive value ranged from 78% to 100%. 
Overall, the NLP algorithm performed with 96% sensitivity 
(95% CI: 88–99%) and 86% specificity (95% CI: 75–93%), 
with an 87% positive predictive value (95% CI: 77%–93%) 
and a 96% negative predictive value (95% CI: 87%–99%). 
That is, if the NLP algorithm determined that a radiology 
transcript did not contain a reference to a lung nodule, the 
NLP algorithm was almost always correct (96%). If the NLP 
algorithm indicated that a transcript referenced a lung nodule, 
it was slightly less often correct (87%) by design, given our 
greater willingness to accept false-positive results from the 
NLP algorithm than false-negative results.
Within the validation sample, eight false-positive cases 
were identified by the NLP algorithm compared with clinician 
review. The most common reason for an NLP false-positive was 
FIGURE 2.  Natural language processing (NLP) algorithm for 
processing radiology transcripts from computed tomography 
scans of the chest. 
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the presence of a positive key word and dimension followed by 
a nonspecific statement qualifying the previous reference to a 
lung nodule. For instance, references to a pulmonary nodule 
were followed by statements such as “likely representing 
granulomatous disease,” “likely representing artifact,” or 
even “no longer visualized.” Two false-negative cases were 
missed by the NLP algorithm, neither of which indicated 
that revisions to the NLP algorithm would be warranted. For 
instance, there was human error in documenting the nodule 
size, which was possible to assess by reading the transcript as 
a whole but which the NLP algorithm appropriately excluded 
based on the rules.
Patient and Nodule Characteristics
There were 7112 (unique) members with at least one 
radiology report indicating the presence of a lung nodule 
(Table 2). On average, these patients were 65 years old, with 
14% being younger than 50 years old. There were slightly 
more women (54%) than men. The majority of members were 
non-Hispanic and white (55%) but almost 20% were Hispanic, 
with smaller numbers of non-Hispanic blacks (10%) and 
Asian/Pacific Islanders (8%). Approximately 36% of the sam-
ple never smoked, and 11% were current smokers (Table 2).
In the positive lung nodule cohort, most KPSC mem-
bers (63%) had a Charlson comorbidity index score of 1 or 
higher, with almost 20% of patients having a score of 3 or 
higher (Table 2). Other comorbidities of particular relevance 
were also common, with 21% of patients diagnosed with 
chronic airway obstruction and 13% with asthma. Coronary 
heart disease was present among almost 40% of this popula-
tion, and 8% had been diagnosed with heart failure.
On average, patients with lung nodules diagnosed 
between 2006 and 2010 (as determined by our automated 
method) had a median postdiagnosis follow-up of 2.9 years 
through December 31, 2011. The average follow-up (member-
ship) time was longer for those diagnosed in 2006 (median, 
5.1 years) compared with those diagnosed in 2010 (median, 
1.9 years). Among the 1010 (14%) who were diagnosed with 
lung cancer by December 31, 2011, the median time between 
lung nodule identification and lung cancer diagnosis was 
0.2 years (interquartile range [IQR], 0.09–0.42 years). Eight 
percent of lung cancer cases were diagnosed more than 2 years 
after lung nodule identification.
TABLE 2.  Characteristics of 7112 Patients With Lung 
Nodulesa in Kaiser Permanente Southern California, 
2006–2010
Characteristics N=7112
Mean age at diagnosis, yrs (standard deviation) 65 (14)
Female (%) 54
Race/Ethnicity (%)
 Non-Hispanic white 55
 Non-Hispanic black 10
 Hispanic 19
 Asian/Pacific Islander 8
 Other 8
Smoking status (%)
 Current smoker 11
 Former smoker 35
 Never smoker 36
 Missing/other 18
Comorbidities (%)
 Asthma 13
 Chronic obstructive pulmonary disease 21
 Coronary heart disease 37
 Chronic kidney disease 14
 Heart failure 8
 Charlson comorbidity index
0 37
1 29
2 16
3+ 18
Lung cancer during follow-up (%) 14
aAs determined by an automated process based on diagnosis codes, procedural 
codes, and natural language processing of radiology transcripts.
TABLE 1.  Performance of an NLP Algorithm for Lung Nodule Identification Compared With Clinician Review of Computed 
Tomography Scan Transcripts From 116 Patients
ICD-9 
Subcohort
Sample Size 
for Validation
Positive Transcriptsa
% (N)
NLP Accuracy Compared With Clinician Review
Sensitivity % (N) Specificity % (N) PPV % (N) NPV % (N)
793.1 25 44 (11) 100
(11/11)
79
(11/14)
79
(11/14)
100
(11/11)
786.6 25 56 (14) 93
(13/14)
82
(9/11)
87
(13/15)
90
(9/10)
518.89 25 80 (20) 95
(19/20)
100
(5/5)
100
(19/19)
83
(5/6)
519.8 22 32 (7) 100
(7/7)
87
(13/15)
78
(7/9)
100
(13/13)
519.9 19 26 (5) 100
(5/5)
93
(13/14)
83
(5/6)
100
(13/13)
All Groups 116 49 (57) 96
(55/57)
86
(51/59)
87
(55/63)
96
(51/53)
aAs determined by expert clinician review, the reference standard in this study.
NLP, natural language processing; ICD-9, International Classification of Diseases-Ninth Revision; N, sample size; PPV, positive predictive value; NPV, negative predictive value.
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Among 57 members with a true positive transcript for 
one or more lung nodules, the largest nodule measured 8 to 
30 mm in 56%. Only 20 transcripts (35%) noted a solitary 
nodule without other associated findings (Table 3). Among 
the remaining transcripts, 29 noted multiple (<10) nodules, 
eight referenced evidence of pneumonia or atelectasis, six 
had enlarged mediastinal lymph nodes, and four noted pleural 
effusion and/or apical pleural thickening.
DISCUSSION
In this community-based sample of members of a 
large health plan, we developed, validated, and applied a new 
method for identifying incident lung nodules in community-
based settings. We were able to accurately identify patients 
who had one or more pulmonary nodules noted on a radiol-
ogy transcript by using a combination of ICD-9 codes, CPT 
codes, and a novel algorithm for NLP of free text from these 
transcripts. Application of this algorithm enabled us to report 
the sociodemographic and clinical characteristics of the larg-
est community-based sample of patients with incidentally 
detected lung nodules yet to be described.
The inability to readily identify patients with lung 
nodules in community settings has been a key factor limit-
ing research on how best to manage these patients. Most prior 
studies of lung nodules were performed in tertiary care set-
tings, and many enrolled nonrepresentative samples in uncon-
trolled studies of diagnostic accuracy, screening, or surgical 
outcomes.10
Our study confirms the inadequacy of ICD-9 and CPT 
codes alone to identify lung nodules accurately, and under-
lines the importance of using multiple ICD-9 codes to capture 
incident lung nodules within a large health system. In a ran-
dom sample of 116 members who were identified by a combi-
nation of ICD-9 and CPT codes, clinician review of radiology 
transcripts identified one or more lung nodules in only half of 
them. The proportion of transcripts noting one or more lung 
nodules varied across ICD-9 groups and ranged from 26% to 
80%. Although the combination of ICD-9 code 518.89 and CT 
scan dates may have performed adequately for some research 
purposes (80% positive for lung nodules by clinician review 
for that group), a substantial number of lung nodules would 
have been missed given the large number of lung nodules cap-
tured by ICD-9 codes 793.1 and 786.6. However, although the 
size of the patient groups identified by ICD-9 codes 793.1 and 
786.6 were large, the frequencies of lung nodules identified 
were relatively low (44% and 56%, respectively). Looking 
forward, the creation of pulmonary nodule-specific ICD-9 
(793.11) and ICD-10 (R91.1) codes since October 2011 may 
mitigate, if not eliminate, this problem.9,11
The addition of the NLP algorithm improved the speci-
ficity and positive predictive value of nodule identification 
considerably for all five ICD-9 groups, and our final method 
for identifying lung nodules performed well enough for it to 
facilitate research in two primary ways. First, a fully auto-
mated process using electronic data could be used to study 
the incidence and prevalence of lung nodules in large popula-
tions, with the caveat that approximately 13% of cases identi-
fied by the automated method would not meet our definition 
of one or more nodules (e.g., be false-positives). However, 
in this study we favored sensitivity over specificity, and the 
NLP algorithm could be modified to improve its specificity. 
Alternatively, the method developed here could be used as a 
sensitive first step to be followed by more specific review of 
radiology transcripts or actual imaging studies. This two-step 
approach would reduce investigator burden by identifying a 
smaller number of transcripts that are more likely to mention 
the presence of one or more lung nodules, and thereby facili-
tate studies that require information contained in the radiology 
transcript or the even more detailed information provided by 
the actual images. Both these methods provide an efficient and 
relatively accurate way to identify lung nodules of interest.
As expected, the large sample that we identified included 
a racially and ethnically diverse mix of primarily older 
individuals, many of whom were never smokers. However, 
comorbidities were common, including coronary heart 
disease, chronic kidney disease, asthma, and obstructive lung 
disease. Of note, among the 57 positive transcripts reviewed 
in our validation sample, almost two-thirds of positive 
transcripts contained reference to more than one nodule 
and/or one or more associated findings, such as pneumonia, 
atelectasis, or mediastinal lymph node enlargement. This 
highlights that the classical “solitary pulmonary nodule” is 
but one of many different ways in which a lung nodule may 
present in the current era of CT scanning. Accordingly, future 
research and recommendations for practice should distinguish 
between solitary nodules, “oligonodular” or “paucinodular” 
involvement, diffuse nodules, and nodules accompanied by 
associated findings.
Our study has several limitations. First, although we 
observed that the NLP algorithm had excellent sensitivity for 
identifying transcripts that referenced one or more lung nod-
ules, our use of ICD-9 codes to select transcripts for NLP 
review may have resulted in large numbers of missed cases. 
This seems especially likely because our method unexpectedly 
detected more larger nodules (56%) than smaller, subcentimeter 
Table 3.  Radiographic Findings for 57 Nodules Identified by 
Clinician Review of a Random Sample of CT Transcripts
Nodule 
Characteristics from  
CT Transcriptsa
ICD-9 Subcohort
793.1 786.6 518.89 519.8 519.9 Total
Single nodule 7 7 5 1 0 20
Multiple nodules  
(2–9 nodules)b
4 5 11 5 4 29
Enlarged mediastinal  
lymph nodes
— 2 3 — 1 6
Pneumonia/Atelectasis — 1 3 2 2 8
Pleural effusion — 1 — — 1 2
Apical pleural-
parenchymal scar
— — 2 — — 2
Total 11 14 20 7 5 57
aCharacteristics presented for the largest nodule 8–30 mm in diameter; categories 
are not mutually exclusive.
bTranscripts that described the presence of ≥10 nodules, “diffuse nodules,” “innumer-
able nodules,” or too many nodules to count were not considered to be positive.
CT, computed tomography; ICD9, International Classification of Diseases-Ninth 
Revision.
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nodules, which are generally recognized to be more common. 
In retrospect, we believe that the requirement for the presence 
of a nodule-related diagnostic code skewed the distribution of 
nodule size toward larger nodules. On average, a busy clinician 
might be less inclined to enter one of the nonspecific ICD-9 
codes for patients with small, incidental nodules. However, the 
assignment of a diagnosis code reflects a real-world judgment: 
that a nodule is clinically important, and thus the identifica-
tion of these nodules—and their clinical follow-up and out-
comes—is of value even if some nodules are missed. Although 
we excluded patients with prior diagnoses (ICD-9 codes) that 
indicated a possible lung nodule so that only incident nodules 
could be identified, it is possible that some nodules were pre-
viously observed but did not rise to the level of being docu-
mented via a diagnosis code. Future research should examine 
the trade-off between improved sensitivity and greater bur-
den of review that would result from applying the NLP algo-
rithm to less restricted samples of radiology transcripts, i.e., 
by eliminating the requirement for a diagnostic code. Another 
limitation is that we performed our validation by reviewing a 
relatively small sample of radiology transcripts. In subsequent 
validation work, it will be important to include larger samples.
Future research should evaluate the generalizability of 
our method to other health care settings, as it is possible that 
coding patterns and even terminology used to dictate radiol-
ogy reports may differ across providers, regions, and systems. 
However, no attempt was made to standardize the reading or 
notation of the CT scans within our health system, encom-
passing 14 hospitals and multiple radiologists, and there-
fore our study reflects some of the heterogeneity that might 
be expected in other settings. Furthermore, we incorporated 
several standard terms in our algorithm, which are frequently 
used to indicate the presence of a lung nodule (e.g., “nodule,” 
“opacity,” “SPN,” and “GGO”) and are likely to be used in 
other health care settings as well.
In summary, by using a combination of ICD-9 codes, 
CPT codes, and NLP of full-text radiology reports, we devel-
oped an automated method that seemed to have excellent 
sensitivity and good specificity for identifying incident lung 
nodules. With further refinement and subsequent validation, 
such a method will help to identify patients with lung nod-
ules in large populations more efficiently, thereby facilitating 
research that compares alternative practices for lung nodule 
management in community-based settings.
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